Abstract This study represents a first attempt at applying a fuzzy inference system (FIS) and an adaptive neuro-fuzzy inference system (ANFIS) to the field of aquatic biomonitoring for classification of the dosage and time of benzo [a] pyrene (BaP) injection through selected biomarkers in African catfish (Clarias gariepinus). Fish were injected either intramuscularly (i.m.) or intraperitoneally (i.p.) with BaP. Hepatic glutathione S-transferase (GST) activities, relative visceral fat weights (LSI), and four biliary fluorescent aromatic compounds (FACs) concentrations were used as the inputs in the modeling study. Contradictory rules in FIS and ANFIS models appeared after conversion of bioassay results into human language (rule-based system). A "data trimming" approach was proposed to eliminate the conflicts prior to fuzzification. However, the model produced was relevant only to relatively low exposures to BaP, especially through the i.m. route of exposure. Furthermore, sensitivity analysis was unable to raise the classification rate to an acceptable level. In conclusion, FIS and ANFIS models have limited applications in the field of fish biomarker studies.
Introduction
As contaminants discharge into aquatic systems have increased over recent decades, various modeling approaches have been proposed to better understand fate of environmental contaminants (e.g., Karami et al. 2012 Karami et al. , 2008 . However, for a precise and comprehensive assessment of environmental contamination it is necessary to measure different biological, chemical, and physical parameters which interact in a complex manner. In addition, the related field and laboratory-based experiments are usually time-consuming and expensive. Fuzzy inference systems (FIS) and adaptive neuro-fuzzy inference systems (ANFIS) are among the main artificial intelligence approaches used for prediction and classification of water and sediment contaminants (Keiter et al. 2009; Hollert et al. 2002; Muhammetoglu and Yardimci 2006) , and appear to be very promising tools for environmental assessment (Adriaenssens et al. 2004) . Moreover, the development of ecotoxicological models based on FIS may facilitate saving of costs and time.
The original theory of fuzzy logic was developed by Zadeh (1965) . Fuzzy logic rule-based systems allow a subject to belong to a specific category (fuzzy set) with a gradual membership value (μ) instead of a crisp value such as yes/no or zero/one. FIS is able to implement and cope with the uncertainty of human language (linguistic uncertainty) and the uncertainty of data caused by measurement errors and the inherent variability of biological systems (epistemic uncertainty; Regan and Colyvan 2000; Adriaenssens et al. 2004 ) in a form understandable by computers. This is mainly performed by using a set of rules (if…and…then) between premises and conclusions (Shepard 2005) . The potential of this approach to deal with uncertainties of biological test systems resulted in a "fuzzy boom" in ecological modeling over recent years (Benetto et al. 2006) .
When performance of a FIS is upgraded through integration with an artificial neural network (ANN), the result is termed an ANFIS (Jang 1993) . This system applies human knowledge in assigning rules and fuzzy sets and also has the learning ability of ANNs to tune the system through the relationships among inputs and outputs. ANFIS can be faster and more accurate than many ANN methods (Chiu 1994) . FIS and ANFIS models are able to handle variables with both linear and non-linear relationships.
During the past two decades, many studies have been published concerning the widespread distribution of polycyclic aromatic hydrocarbons (PAHs) in the environment (e.g., Srogi 2007; Bouzas et al. 2011) . Benzo[a]pyrene (BaP) is among the most studied members of PAHs (Liu et al. 2010) due to its high carcinogenicity and mutagenicity (Collins et al. 1991) . Biomarkers provide early signals about the exposure and effects of xenobiotics to aquatic biota (Wepener et al. 2005; Sanchez and Porcher 2009) . In fish, PAHs are readily biotransformed by phase I biotransformation enzymes, conjugated with hydrophilic compounds, and stored in bile prior to elimination via the intestine (Cohen et al. 2006; Jørgensen et al. 2008; Van der Oost et al. 2003) . Glutathione S-transferase (GST) is among the most studied of second-phase enzymes and may be a reliable biomarker of xenobiotic exposure (e.g., Cheung et al. 2002; Bebianno et al. 2007 ). Biliary fluorescent aromatic compounds (FACs) of PAHs are sensitive biomarkers of exposure to PAHs (Hellou and Payne 1987; Camus et al. 1998 ) with high reliability for laboratory and probably field applications (Vuorinen et al. 2006; Yang and Baumann 2006) . Visceral fat deposits are among the main sources of fat deposition, and energy, in African catfish (Clarias gariepinus) (Matter et al. 2004 ). Therefore, biotransformation of PAHs as energy-dependent mechanism may influence visceral fat deposit weight (LSI value). Numerous studies have investigated the effect of different environmental contaminants on fish biomarkers. However, complex interactions among the different natural and anthropogenic stressors (Ioannidou et al. 2003) and/or responses (Kirby et al. 2007 ) have often precluded development of clear linkages between fish biomarkers and contaminants under natural conditions.
To the best of our knowledge, ANFIS has not yet been applied to the field of biomarkers in aquatic organisms despite the inherent uncertainties and lack of quantitative information in such studies. Moreover, applications of the FIS approach to the field of fish biomarkers are scarce. Hollert et al. (2002) assessed the contamination of the Neckar River catchment using biomarkers in fish, bacteria, and chicken, along with chemical analysis and macrozoobenthos investigations, through a FIS approach. In another study, Keiter et al. (2009) used a FIS approach to classify sediments and sediment extracts using several in vitro bioassays measuring dioxin-like activity, acute toxicity, teratogenicity, and genotoxicity.
African catfish are found on, and feed off (Teugels 1986) , the substrate where PAHs may be strongly bound to organic materials (Rockne et al. 2002) . In addition to being potentially exposed to organic contaminants, African catfish are resistant to adverse environmental conditions and are easily reared in captivity (Adewolu et al. 2008; Karami et al. 2010) . These characteristics make this species an ideal model for ecotoxicological studies.
In the present study, African catfish were exposed to BaP through two commonly used routes of experimental exposure in laboratory-based ecotoxicological experiments: intraperitoneal injection (i.p.) and intramuscular injection (i.m.) as described in Karami et al. (2011) . The main objectives of this study were to test the suitability of the biomarkers GST activity, selected biliary FAC concentrations, and LSI values for modeling through ANFIS and two FIS approaches (Sugeno and Mamdani). Another goal was to compare performances of ANFIS and the FISs in classifying the time and dosage of BaP injection based on the above biomarkers. The last objective was to determine whether reduced datasets could improve model performance, an approach we term "data trimming", and to compare this approach with the performance of already developed sensitivity analysis.
Materials and methods

Bioassays
Details on test organisms, exposure and sampling procedures, biliary FACs analysis, and enzymatic assay have been described in a previous publication (Karami et al. 2011) . Briefly, groups of four juvenile African catfish received either i.m. or i.p. injections of BaP (10, 30, and 50 mg/kg) before being killed 24, 48, or 72 h post-injection. Glutathione-S-transferase activities and relative visceral fat weights (LSI) were measured. Concentrations of biliary 7,8-dihydrodiol BaP (7, , 1-hydroxy BaP (1-OH BaP), 3-hydroxy BaP (3-OH BaP), and BaP were quantified using high-performance liquid chromatography with fluorescent detection as described in Karami et al. (2011) .
Modeling
Modeling the hazard characteristics after exposure to pollutants are of concern so they are considered as the output variables and aquatic organism biomarkers are the input variables. Conversely, in ecotoxicological studies, aquatic organism biomarkers are the outputs and the pollutant characteristics are the inputs (Fig. 1) . In this study during data trimming, the biomarkers were considered as the outputs and the time and dosage of BaP injection as the inputs. Inversely, in the sensitivity analysis, and FIS and ANFIS models, biomarkers were the inputs and time and dosage of BaP injection were the outputs.
Data optimization prior to model development
In this study, attempts to develop a model of reliable classification performance using all the input vectors were unsuccessful (classification rate <10 % in both test and train sets); therefore, all of the input vectors and data were subjected to sensitivity analysis and a data trimming approach, respectively, as described below.
Sensitivity analysis In this section, the performance of the suggested "data trimming" approach is compared with previously developed methods of "sensitivity analysis". Sensitivity analysis helps to develop an accurate model using the most influential inputs vectors. For this purpose, 57 scenarios were constituted using different combinations of selected biomarkers (input vectors; Sahoo et al. 2006; Karami et al. 2012 ; Table 1 ). Thereafter, the selected FIS model was applied on each scenario.
Data trimming
The objective of the data trimming is to increase precision of the FIS and ANFIS models and decrease conflicts within the rule-based system. The reason of data trimming is to remove inconsistent data and present input vectors to FIS models in a way to maximize performance. Data trimming entails three steps:
I. Number of input variables and/or fuzzy sets: One way to reduce occurrence of contradictory rules is to increase the number of input variables and/or fuzzy sets. One of the best ways for achieving this goal in fish biomarker studies is by considering more biomarkers during the experiment. However, more input variables and/or fuzzy sets increase the number of rules and consequently decrease generalization ability (the precision of prediction) (Lo and Kuo 2002; Sabeghi et al. 2006) . Therefore, the tradeoff between rule numbers and system complexity should be considered. In this study, the FIS model was initially developed with six input vectors. II. Strong interrelationship among variables: Because the main purpose of the data trimming is to keep the model as simple as possible, increasing the number of input variables up to a certain level can be useful provided that each variable contributes independent information. Strongly intercorrelated input variables complicate the fuzzy rule system without increasing the model precision.
The solution to this problem may be using the cumulative value of the intercorrelated variables or remove one or more of them. III. Non-significant differences among treatments: Overlapping fuzzy sets increase the imprecision of the input dataset (Jassbi et al. 2007 ). By assuming a normally distributed population, the non-significant difference among treatments increases the number of highly overlapped fuzzy sets, and therefore, the probability of contradictory rules. This step helps to detect imprecision in the model through checking the statistical differences among treatments. To reduce the chance of contradictory rules occurring, it is desirable to achieve significant differences among treatments. Nevertheless, non-significant different treatments should be combined and represented as one treatment, or removing all the treatments except for one.
Fuzzy inference system
The fuzzification comprises the process of transforming crisp values into grades of membership using membership functions (MFs). MFs determine the degree to which an element belongs to a particular fuzzy set. Triangular and trapezoid MFs are simple and the most common forms of MFs (Pedrycz 1994; Muhammetoglu and Yardimci 2006) . The final stage of fuzzy model development is defuzzification. Several defuzzification methods are presented in the literature (Hellendoorn and Thomas 1993; Rajasekaran and Pai 2004) such as: center of area, weighted average, and mean of maxima (Ross 2004 ). Mamdani (Mamdani and Assilian 1975) and Sugeno (Takagi and Sugeno 1985) are the two universal types of FIS (Mendel 2001; Rodriguez and Anders 2004) . Zeroorder Sugeno FIS, which is used in this study, handles constant values and can approximate the Mamdani FIS (Jassbi et al. 2007) .
Each input and output variable was expressed as two-three linguistic values: (1) low and (2) moderate, and/or (3) high. The universe of discourse of each input variable was determined from 0 to the maximum measured value for that particular biomarker. In this study, we used the ranges of variables achieved through a biomarker study (Karami et al. 2011) prior to fuzzification to appoint limits of each fuzzy set. After data trimming, membership values (any value between 0 and 1) were determined based on the selected MFs for each fuzzy set ( Fig. 2a-d) . The heuristic rules were developed based on the study of Karami et al. (2011) and expert knowledge. Zadeh (1965) operators were used during the rule activation process. Weights of all rules were equal to 1. The list of applied heuristic rules 
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Adaptive neuro-fuzzy inference system
The structure of the ANFIS model in this study is illustrated in Fig. 3 . In ANFIS, neurons are linked together. Training (learning) is the process through which the parameters of adaptive node functions are updated through a hybrid algorithm (usually back-propagation and least squares estimate algorithms) to meet desirable performance criteria such as SSE value (Jang 1993; Cobaner et al. 2009 ). An ANFIS consists of five layers (Jang 1993 ):
Layer one: The first layer neurons fuzzify the input data.
In this study, we tested the neurons with Gaussian and trapezoid membership functions:
Where x is the crisp input for the ith neuron. a i , b i , c i , and d i are the premise parameters. Any modification of these 
Layer three: In this layer, each rule's firing strength is normalized to the sum of all rules' firing strength:
Layer four: The output of each neuron is calculated using the output of the last layer and the neuron function:
The neurons' function in a zero-order Sugeno model is singletons, but in the first-order Sugeno model neurons' function are functions of output parameters (p i , q i , and r i ). In this study, we used a constant value of f i (zero-order Sugeno). Layer five: The overall output is computed through the summation of all incoming signals:
In this study, the output part of the ANFIS model consisted of seven membership functions ( Table 2 ). The epoch number was set at 30. To test the classification accuracy of the tested ANFIS models, the dataset was randomly split into 26 and 74 % as testing and training, respectively.
Statistical analyses and modeling software
Prior to running statistical analysis, all the analysis of variance (ANOVA) and multivariate analysis of variance (MANOVA) assumptions had been considered (Tabachnick and Fidell 2001; Pallant 2005) . Based on the data-trimming approach and due to the highly significant (P≤0.01) intercorrelations between the three biliary metabolites Fig. 3 The structure of ANFIS model in this study Environ Sci Pollut Res (2013 ) 20:1586 -1595 (±SE) biliary CBFCs concentrations of 515 (±194) and 787 (±239) μm, respectively (Fig. 4a) . Assigning similar fuzzy sets to these groups (e.g., high) produced contradictory rules due to high overlap of data in these groups (similar biliary CBFCs concentrations resulted from different dosages) and causes errors during classification process. Contradictory rules must be deleted from the rule base (Nauck 2002) .
Results of the sensitivity analysis using the FIS model showed the highest classification of 40 % was achieved by the 18th scenario in i.p.-injected fish. However, in i.m.-injected fish, the second scenario resulted in the highest classification of 50 %. These results highlight the lack of efficiency of sensitivity analysis using FIS and ANFIS modeling in ecotoxicological studies.
None of the dependent variables (CBFCs and BaP concentrations, GST activity, and LSI value) showed significant difference among sampling times or interaction between sampling time and dosage of injection in either i.m.-or i.p.-injected fish. Therefore, based on the data trimming approach criteria, sampling times were pooled and dosage of injection was considered as the only independent variable. Dosage of injection did not produce significant changes (two-way ANOVAs, P>0.05) in either LSI or biliary BaP in i.p.-and i.m.-injected fish; thus, based on the data trimming approach criteria, these biomarkers were dropped from further consideration in developing the FIS and ANFIS models. Red columns are the removed portion of data after data trimming approach. Reprinted from Karami et al. (2011) , with permission from Elsevier responses to the i.m. injection dosages of 30 and 50 mg/kg were removed from further modeling approaches. Though i.p. injections of BaP resulted in dose-related responses of the biomarkers CBFCs concentrations and GST activity, responses to the two highest doses (30 and 50 mg/kg) administered did not differ significantly (two-way ANOVAs, P≥0.05, Figs. 4a and 5a) . Therefore, responses to the highest dose in i.p.-injected fish were removed from further modeling approaches. After the data trimming approach, CBFCs concentrations and GST activity were applied in the FIS and ANFIS models as the input variables and dosages of i.p. and i.m. injections of BaP were considered as the output variables (Figs. 1 and 3) .
Based on a previous experiment (Karami et al. 2011 ) and expert knowledge, system parameters (fuzzy sets, fuzzy functions, and heuristic rules) were modified in different designs to maximize system performance (classification precision). Based on the input data from C. gariepinus biomarkers, fish were classified according to the dosages of BaP i.p. and i.m. injections into three and two different groups, respectively (0, 10 and 30 mg/kg BaP, 0 and 10 mg/kg BaP, respectively). In i.m.-and i.p.-injected fish, the developed Mamdani and Sugeno FISs with trapezoid MFs classified 100 % of the dosage of injection correctly. The result of this study showed equal performance of Mamdani and Sugeno FIS in prediction of dosage of i.p. and i.m. injections with BaP. The trial and error procedure showed higher precision when trapezoid MFs were used compared to Gaussian MFs. The classification rate of the selected FIS model prior (with all input vectors) and after sensitivity analysis as well as data trimming are presented in Table 3 .
As with the FIS, the ANFIS performance with trapezoid MFs showed the highest precision. In i.p.-injected fish, the best-developed ANFIS model with Gaussian MFs was able to classify 80 and 100 % of the samples in the test and train sets, respectively. However, in i.m.-injected fish the classification rate increased up to 90 and 100 % of the samples in the test and train sets, respectively. One of the main purposes of using ANFIS is to adjust fuzzy set parameters (premise parameters) which cannot be tuned by human decision. Results of this study demonstrated the benefit of ANFIS application when expert inference failed to adjust the MFs through a FIS approach. Though better than the performance of the FIS model (which was negligible), the performance of Gaussian MFs was still lower than when trapezoid MFs were applied.
7,8-D BaP is a penultimate carcinogenic metabolite (Beg et al. 2002) . Its high ecotoxicological and modeling importance has been demonstrated in previous studies (Karami et al. 2011 (Karami et al. , 2012 . Consistent with the studies, sensitivity analysis proved the importance of retaining this metabolite as an input vector in both i.p.-and i.m.-injected fish to gain the highest classification rates. The results show the importance of sensitivity analysis in order to choose the most influential input vectors. However, the sensitivity analysis was still unable to prepare data and input vectors in a way to provide the highest classification rate for a FIS model. In contrast, the data trimming approach provided the highest possible classification rate (100 %). Sensitivity analysis could only investigate input vectors and was unable to penetrate inside input vectors and remove some portion of the data to achieve the highest model performance. Data trimming was able to remove inconsistent data and arrange input vectors to gain the highest classification rate. The results highlight the dependency of FIS and ANFIS models on data trimming, and more when the route of exposure was i.m. (removal of data of 30 and 50 mg/kg) compared to i.p. (removal of data of 50 mg/kg).
Fuzzy logic is the logic to handle ambiguity (Joss et al. 2008) . However, its performance is task-dependent. In fish biomarker studies, due to inhibition effects of chemicals at higher concentrations (Voorman and Aust 1987) , there are many occasions that the dose-response curve of PAHs exposure is bell-shaped (Bosveld et al. 2002; Banni et al. 2009; Lu et al. 2009 ). This type of response increases the probability of generating contradictory rules in FIS and ANFIS approaches due to the presence of non-significant difference among the treatments. For example, in this study, non-significant differences among the treatments were increased when an asymmetric bell-shaped dose-response curve was obtained for CBFCs concentrations (Fig. 4b) and an upside-down asymmetric bell-shaped dose-response curve for GST activity (Fig. 5b ) after i.m. injection of BaP.
In toxicological studies, FIS and ANFIS approaches have been used to forecast disease in humans (Uçar and Karahoca 2011) . However, for a number of reasons including the presence of a wide variety of xenobiotics in aquatic environments, confounding factors (e.g., pH, temperature, and food availability) and large physiological and biochemical differences among aquatic species, modeling of aquatic toxicological studies has followed a more complicated pattern. The results of our previous modeling study (Karami et al. 2012) showed reliable accuracy of ANNs in handling complicated data patterns. In contrast, this study proved that FIS and ANFIS models have limited applications in these cases. Environmental modeling approaches may be used as an important link between laboratory-based studies and environmental monitoring programs. For this purpose, laboratorybased biomarker studies with a specific aquatic species and pollutant should be applied (Fig. 1 ) in order to develop reliable artificial intelligence models for a better assessment of the pollutant in field studies. Therefore, after a period of time, different models related to the effects of different pollutants on a specific aquatic species are developed. The models should be integrated to produce (a) more applicable model(s) for field studies. In the next phase, after biomarker quantification in field studies, the developed models are implemented to prognosticate pollutant exposure characteristics.
For further study, we propose comparing data trimming, sensitivity analysis, FIS, and ANFIS approaches with other approaches such as factorial analysis of variance and discriminant function analysis or decision tree analysis.
Conclusion
1. Contradictory rules were generated during fuzzification of the C. gariepinus biomarkers preventing development of a reliable FIS or ANFIS model. However, a proposed "data trimming" approach was able to retrieve certain elements of the biomarker data set (dosages of 0, 10 and 30 mg/kg BaP, and 0 and 10 mg/kg in i.p.-and i.m.-injected fish, respectively) for developing accurate FIS and ANFIS models. The data trimming approach demonstrated the suitability of GST activity and CBFCs concentrations in classification of dosage of BaP injection. 2. Sensitivity analysis was unable to arrange input vectors in order to gain a reliable classification rate. 3. Trapezoid membership functions maximized performance of FIS and ANFIS models. However, in this study, when the experts failed to adjust the premise parameters of Gaussian membership functions in the FIS models, ANFIS improved classification over FIS. 4. Mamdani and Sugeno FISs showed similar performances in prediction of dosage of BaP i.p. injection in C. gariepinus.
To the best of our knowledge, this is the first ANFIS model developed in the field of fish biomarkers. The results showed the limited application of FIS and ANFIS approaches in the field of fish biomarkers.
